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Abstract
In this paper we combine the extensive literature on the analysis of life course
trajectories as sequences with the literature on causal inference, and propose a new
matching approach to investigate the causal effect of the timing of life course events
on subsequent outcomes. Our matching approach takes into account pre-event con-
founders that are both time-independent and time-dependent, as well as life course
trajectories. After matching, treated and control individuals can be compared using
standard statistical tests or regression models. We apply our approach to the study
of the consequences of the age at retirement on subsequent health outcomes, using a
unique dataset from Swedish administrative registers. Once selectivity in the timing
of retirement is taken into account, effects on hospitalization are small, while early
retirement has negative effects on survival. Our approach also allows for heteroge-
neous treatment effects. We show that the effects of early retirement differ according
to pre-retirement income, with higher income individuals tending to benefit from early
retirement, while the opposite is true for individuals with lower income.
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quence analysis.
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1 Introduction
What are the consequences of the timing of life course events? This is a common social
science question, and methodological challenge. The timing of events is itself a consequence
of what has cumulated, in life, up to these events. Previous life course background and
experiences could affect both the timing of events and what happens after the events. In
this paper we present a new approach to the estimation of the causal effect of the timing
of a life course event on subsequent outcomes. This approach takes into account individual
trajectories prior to the events. To do so, we combine the extensive literature on the analysis
of life course trajectories with the literature on causal inference. We propose a new matching
approach and we apply it to the estimation of the causal effect of age at retirement on later
health outcomes, using novel register data from Sweden. Standard matching estimators
based on propensity scores (Rosenbaum and Rubin, 1983) pair each treated individual with
a single (or multiple) non-treated individual, based on a set of observed characteristics.
We show that the selection into early retirement (our “treatment” factor) is affected by the
trajectories of a set of observed characteristics before treatment.
When studying individual lives, a now common way to make sense of them is to analyze,
and summarize the whole trajectory of events experienced and states visited, with their
timing and sequencing. This is the basic idea behind sequence analysis (Aisenbrey and
Fasang, 2010a), as well as the formal approach to event history analysis, based on counting
processes (Andersen et al., 2012). We use sequence analysis based on Optimal Matching
(OM) (Abbott, 1995) to develop a matching procedure based on pre-treatment trajectories.
More specifically, our method develops an extension of nearest-neighbor matching estimators
to OM distances. Our approach allows, for instance, to match “treated” and “control”
individuals who have the most similar health trajectories before retirement. We also combine
matching on trajectories with a standard propensity score and develop a combined measure
of dissimilarity among individuals.
Our analyses utilize population-wide administrative and health record linked register
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data. Our research design allows to have access to a rich set of individual socio-economic
and health characteristics, and to follow longitudinally cohorts born from 1935 to 1946, from
birth to retirement and beyond. Sweden is a crucial case in the study of the effect of changes
in retirement patterns, as it was one the first countries to introduce flexible retirement and
to allow workers to decide at what age to retire (Palme et al., 1999; Palmer, 2000). We
use hospitalization and mortality as key measures of health outcomes. We conduct separate
analysis for different ages at retirement, and we focus in particular on early retirement,
defined here as retirement between the ages of 60 and 64.
Our results confirm that early retirement is associated with poorer health outcomes,
i.e. with higher hospitalization and lower survival rates. However, those who retire early
tend to experience worse pre-retirement health trajectories (hospitalization patterns and
trends) with respect to those who retire later. Once we control for pre-retirement health
trajectories and other potential confounding factors, the negative effects of retirement on
hospitalization are reduced. We therefore show that standard regression-based estimators
of retirement effects on health outcomes tend to overestimate the magnitude of the causal
effect of the timing of retirement. For what concerns survival, even after controlling for
selection, early retirement has negative effects. We then investigate the heterogeneity of
retirement effects, i.e. whether they vary among different sub-groups of the population. We
show that women and individuals with lower pre-retirement income have stronger negative
effects of early retirement. On the contrary, individuals from more aﬄuent socio-economic
background seem to benefit from early retirement.
The remainder of this paper is organised as follows. In Section 2 we briefly review the
context in which the substantial question is set, and the literature on retirement effects on
health. In Section 3 we present the linked data set we built, also through some descriptive
analyses. In Section 4 we introduce our methodological approach, formalising assumptions
and defining parameters of interest using the potential outcome framework. We then propose
different matching designs including a novel one based on health trajectories. In Section 5
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we present and discuss empirical results obtained. Section 6 concludes the paper.
2 The timing of retirement and health: Theory and em-
pirical evidence
Population ageing is identified with the increase in old-age dependency ratios, i.e. the
ratio of population in ages traditionally associated with retirement over population in ages
traditionally associated with employment. Old-age dependency ratios have been increas-
ing in advanced societies, and pension reforms aimed at increasing the age at retirement
have been seen as “natural” policy responses to these increases, associated with increasing
longevity and decreasing fertility (Vaupel, 2006). Pension reforms have included structural
modifications of retirement systems, changes to disability and employment insurance pro-
grams, as well as the promotion of active labor-market policies aimed at older workers,
such as gradual retirement and more individualised pension plans (Cooke, 2006). The ac-
tual range of retirement ages has therefore expanded, making the transition to retirement
“longer and fuzzier” (Kohli and Rein, 1991; Han and Moen, 1999). Moreover, intermediate
states between labor force exit and the receipt of pensions have emerged, as a consequence
of phenomena like labor force reentry (Skoog and Ciecka, 2010; Reimers and Honig, 1993),
bridge employment (Ruhm, 1990) and partial retirement. Retirement has therefore become
more “destandardized”, “desinstitutionalized” and “individualized” (Guillemard and Rein,
1993; Kohli, 1991).
What are the consequences of this postponement and destandardization of retirement?
A topic of major concern is the effect of the timing of retirement timing on individual health
and well-being. For instance, the negative effects of changes in retirement patterns could
cumulate at the aggregate level and counterbalance, with additional healthcare costs, the
positive effects of postponing the exit from the labor force. Several studies have shown
that retirement at younger ages is associated with adverse effects on health (Westerlund
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et al., 2010; Hult et al., 2010; Burdorf, 2010). Moreover, the heterogeneity of retirement
patterns may have important implications on inequality among elderly people (Fasang,
2012). However, selection into retirement due to previous individual health trajectories is a
confounder in the study of the health consequences of retirement and its timing, as it is safe
to assume that individual decisions to retire are also affected by health reasons. That is,
those who retire early tend to have worse health conditions and prospects with respect to
those who retire later. In addition to health conditions and prospects, the decision to retire
is influenced by other individual characteristics (e.g., education, income, marital status),
pre-retirement work trajectories (e.g. work and unemployment spells) and other life course
events (e.g. the retirement status of the partner). All these factors are also likely to affect
post-retirement health outcomes.
According to the literature, retirement, and its timing, may affect health on several
pathways. These pathways might push effects towards opposite directions. Moreover, the
effects of retirement might differ according to individual characteristics. In what follows, we
briefly review the pathways discussed in the literature and the available empirical evidence.
Retirement might trigger positive health effects, including a positive effect of early retire-
ment. For instance, retirees are no longer exposed to the physical fatigue of their occupation.
At the same time, retirement may have beneficial effects on stress and mental health. How-
ever, as the effect of work-related stress accumulates over time and might have long term
repercussions (Johnson and Hall, 1988; Halfon and Hochstein, 2002), ending the exposure
to work-related stress may not be sufficient to reverse its long-term negative effects.
On the contrary, retirement might trigger negative health effects, with additional ben-
efits for the postponement of early retirement. For instance, retirement itself might exert
stress and cause a decrease in the well-being of individuals who strongly identify themselves
with their job (Akerlof and Kranton, 2000). Retirement may also be associated with lower
ambitions and the loss of a societal role for elderly people (Crawford, 1972; Havighurst,
1954). Retirees tend to reduce their social ties, receiving less potential support from their
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colleagues, and several studies have highlighted the importance of social ties for health and
mortality (Ellwardt et al., 2015; Holt-Lunstad et al., 2010). Moreover, according to the
economic model of Grossman (1972), retirement reduces incentives to invest in health, as
health is no longer a necessary factor in productivity. In this economic approach, health is
seen as an investment good that raises productivity, but it is also a source of direct utility.
If on the one hand this is consistent with a deterioration of health after retirement, on the
other hand the elderly may still invest in health independently from its job-related impli-
cations. Upon retirement the value of time is reduced, so the time cost of, for instance,
engaging in physical activity or visiting the physician, drops. Retirees have more leisure
time that can be spent to improve their physical activity. Insler (2014); Eibich (2014), for
example, found that retirees are more likely to quit smoking and exercise more. The reverse
can be true as well, the freed-up time may also be used on unhealthy activities like excessive
calorie intake, or alcohol consumption (Zins et al., 2011; Sjösten et al., 2012).
The effects of retirement may also be heterogeneous, and modified by individual charac-
teristics and life course trajectories. For instance, those who were employed in physically
demanding or stressful occupations would specially benefit from the relief associated with
retirement (Mazzonna and Peracchi, 2014).
What does the available empirical evidence show? It is safe to say that findings are
mixed. Analyses based on cross-sectional data usually find that those who retire earlier
have on average worse post-retirement health as compared to those who retire later. Longi-
tudinal studies looking at changes in health before and after retirement show inconclusive
results. Although these studies tend to suggest a positive effect of retirement on self-reported
measures of health, there are several reasons for which these results should be taken with
caution. First and foremost, most of these studies focus on retirement at any age and not on
the differential effect of age at retirement. Early “voluntary” retirement may have a different
effect on health as compared to standardized, compulsory retirement. Second, many studies
that look at health before and after retirement do not make use of a “control group” and
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do not compare the outcomes for retirees with those of workers who are still in the labor
force. Several articles using longitudinal data from a large cohort of workers of the French
GAZEL company (Westerlund et al., 2009; Vahtera et al., 2009) show positive effects based
on self-reported health measures on mental and physical fatigue, depressive symptoms, and
a decrease in sleep disturbances. However, a strong limitation of these studies is that analy-
ses only focus on retirees, ignoring eventual changes over time in the same health outcomes
among people who keep on working. Third, “anticipation effects” may be observable before
retirement. Retirement is a planned life-course transition, and it depends on many factors.
Individuals who expect to retire soon may adjust their behavior before retiring. If these
adjustments, in turn, affect post-retirement health outcomes, it is impossible to capture the
effect of retirement by only looking at changes in health status. Indeed, descriptive results
from different countries show that the improvement in health starts before the actual age at
retirement (Westerlund et al., 2009). Fourth, long-term effects may differ from short-term
ones, and long-term effects are subject to selection because of mortality. Although several
studies show an immediate beneficial effect of retirement on self-reported health, the long-
term effects on objective health measures and mortality are more controversial. Westerlund
et al. (2010) could not, for instance, find a positive effect of retirement when looking at
respiratory diseases, diabetes, coronary heart disease, or stroke.
The results we discussed are likely to be importantly affected by selectivity, since in an
environment in which it is possible to choose, the individual decision to retire is influenced
by health. Moreover, other pre-retirement factors such as socio-economic status, marital
status, occupation, and work trajectories before retirement may act as confounders in the
association between the timing of retirement and subsequent health. Some studies have
explicitly built designs through which it might be possible to obtain estimates of the “causal”
effect of retirement on health, and their results tend to be contrasting. The main strategy of
these studies is to use exogenous variation in retirement policies as an instrumental variable
in order to estimate the effect of retirement on later health outcomes. For instance, Kuhn
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et al. (2010) exploit changes in unemployment rules that allowed workers to retire early in
some regions in Austria. Their results show negative causal effects on health (measured
as mortality before age 67) of early retirement for men. Analogously, using the English
Longitudinal Study of Ageing (ELSA), Behncke (2012) found that retirement significantly
increases the risk of being diagnosed with a chronic condition. Similarly, Mazzonna and
Peracchi (2014) found evidence that retirement increases the age-related decline of health
and cognitive abilities for most workers. On the contrary, a number of studies find that
retirement has a positive impact on health (Charles, 2002; Hallberg et al., 2014; Insler,
2014; Mein et al., 2003; Coe and Lindeboom, 2008; Neuman, 2008; Coe and Zamarro, 2011;
Blake and Garrouste, 2012). Finally, other studies show no evidence of effects of early
retirement on health (Lindeboom and Andersen, 2010; Hult et al., 2010).
Some empirical evidence explicitly points to heterogeneous effects. Using data from
the Survey of Health Ageing and Retirement in Europe (SHARE), Mazzonna and Perac-
chi (2014) found evidence of a positive immediate effect age-related decline of health and
cognitive abilities of retirement for those employed in highly physically demanding jobs.
3 Data and descriptive analyses
3.1 Context and data
The entire pension system in Sweden has been reformed in 1998. With the reform, Swe-
den replaced its former pay-as-you-go defined benefit system with a pay-as-you-go notional
defined contribution system, and an advance funded second pillar with privately managed
individual accounts, supplemented with a guarantee at age 65 for persons with low lifetime
earnings. The new pension legislation was implemented specifying a gradual transition from
a public defined benefit plan to a defined contribution plan. While the reformed pension
system went into effect in 1999, during the transition period benefits were drawn from
both the old and the new systems. The old system combined a flat-rate universal benefit
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(Folkpension) with an earnings-related supplement. A full earnings-related benefit could
be obtained with 30 years of covered earnings at age 65, based on an average of the best
15 years. The system offered the options of claiming full retirement benefits at age 65,
claiming reduced benefits from age 60, or claiming actuarially increased benefits if receipt
was delayed past age 65. In addition, since 1976, the Swedish national pension system has
had a unique program that allows qualified workers aged 60-64 to draw partial pensions if
they reduce their working hours to within prescribed limits (Packard, 1982).
Within the new system, retirement age is flexible, and benefits can be withdrawn from
age 61. Upon retirement, annual benefits are calculated by dividing the balance in the
notional account by an annuity divisor linked to life expectancy. Early retirees who choose
to retire before age 65 have reduced pension benefits, while those who delay their retirement
after age 65 receive higher pensions. Besides earnings-related benefits, the pension system
also guarantees a minimum pension payable from age 65, financed from general tax revenues.
The transitional rules cover a long period. Those born in 1937 or earlier receive their pension
under the old system. Those born in 1954 or later will be paid entirely from the new system.
Persons born between 1938 and 1953 will receive pension payments from both systems; the
share of the pension that is derived from the old system will be largest for persons born in
1938 and smallest for those born in 1953 (Selén and Ståhlberg, 2007).
In our analyses, we will use data from the Linnaeus Database, a longitudinal record
linkage dataset developed at the Centre for Demographic and Ageing Research at Umeå
University. The Linnaeus Database was created in order to facilitate studies concerning the
relationship between socioeconomic conditions and health from an ageing perspective. The
database links nationwide longitudinal data from various registers from Statistics Sweden
and the National Board for Health and Welfare. Thus, yearly data, e.g. on hospitalization
and socioeconomic conditions, are available on an individual level from 1990 to 2006 for
the whole Swedish population. For a detailed description of the Linnaeus Database see
Malmberg et al. (2010).
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More specifically, we use data regarding all individuals born 1935 to 1946, and we select
on those born in Sweden and who lived in Sweden in 1990. The follow-up period for our
observation is 1990 to 2006. We can hence follow individuals from the age of 55 to 71,
a period in life when most individuals in Sweden withdraw from the labor force. Besides
information on basic socio-demographic characteristics, we can access yearly information on
the individual’s income from salary or own enterprise, unemployment benefits, occupational
pensions, old-age pensions and early retirement pensions related to sickness or disability,
the highest education level and marital status (from Statistics Sweden). From the Inpatient
Register we also have information on days spent in hospital, and on the year of death (if
observed). There is a linkage to the individual’s partner for those having one, and therefore
similar information on partners is available.
Since the interest of this study is to look at the effect of the age at retirement on health
outcomes, the definition of the timing of retirement is essential. Note that register data have
been created for taxation purposes and do not have information on exact date of retirement
but only on the yearly composition of income. We define the year of retirement as the first
year in which the annual income from pension exceeds the annual labor earnings. In annual
labor earnings, we also include transfers connected to unemployment and labor market
measures. These transfers are not given to individuals after the age of 65. This definition
of retirement is concordant with Stenberg et al. (2012). Even though the transition to
retirement has become blurred, and the actual range of retirement ages has expanded,
making the transition “longer and fuzzier” (Kohli and Rein, 1991; Han and Moen, 1999), for
the sake of simplicity, we define retirement as an absorbing state, so that an individual, once
retired, is assumed to be retired for good. Doing so, we restrict our analysis to non-recurrent
events, although there are no limitations to expand the method to recurrent events.
Table 1 displays descriptive statistics on retirement age, as defined above. Most men
and women in Sweden retire at age 65. However, around 30% of men and women retire
before age 65 (which we classify as early retirement). Trends in age at retirement are shown
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on table 2. As expected, we see a reduction in the proportion of early retirees for later birth
cohorts, as a results of reforms aimed at postponing retirement age.
TABLES 1 and 2 HERE
3.2 Health trajectories before and after retirement
For each individual in our dataset, we observe the annual number of days spent in an
hospital (hospitalization is recorded in the Inpatient Register as soon as one night is spent
at a hospital in Sweden). Figure 1 and 2 display the average number of days in hospital
before and after retirement for men and women retiring at different ages before 65 years
of age. The figures show that trends in hospitalization differ substantially between those
retiring at a given age and those retiring later on. Individuals tend to have an increase in
hospitalization around retirement age. This increase in hospitalization starts around 1-2
years before retirement and decreases after retirement. This trend is consistent with studies
conducted for other countries (Westerlund et al., 2009). On the other hand, the control
group, composed by individuals who are not yet retired, shows a gradual linear trend in
hospitalization rates.
The fact that the two groups exhibit different trends in health outcomes makes a direct
comparison challenging. Retirees are likely to experience negative health shocks before
retirement. Therefore, a comparison strategy that does not control for different health
trajectories before retirement is bounded to introduce bias in the estimation of the causal
effects of retirement.
The data also show if an individual received sick leave benefits while at work (i.e. before
retirement) or disability benefits (if sick leave is longer than two weeks) in a given year.
Receiving sick leave and disability benefits represent proxy measures of health that, in
addition to hospitalization, give a more detailed indication of the general health status of
an individual. Hospitalization, sick benefits and disability can thus be combined to define
observable health trajectories before retirement.
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FIGURES 1 AND 2 HERE
Following a standard approach in sequence analysis, health trajectories can be analysed
by representing the original data, i.e. each individual’s life course, as a sequence of states.
Each individual i can be associated to a variable sit indicating her/his life course status at
time t. Assuming that sit takes a finite number of values, trajectories can be represented as
strings or sequences of characters, with each character denoting one particular state. The
state-space, (i.e the alphabet from which sequences are constructed) has a finite number
of elements and represents all the possible states that an individual can take in each time
period. For instance, a woman who is healthy (in state H) for 5 years since the start of our
follow up period (e.g., age 55), then is hospitalized and on sick benefits (C) during 3 years
and then only on sick benefits (S) for the following 3 years can be described as follows:
HHHHHCCCSSS
In this case, the state-space has four values (S for “sick benefits"; D for “one day or
more at hospital"; C for “both sick benefits and one day or more at hospital"; H for healthy
meaning here “no sick benefits and zero days at hospital").
In subsequent analyses, we extend the description of life course trajectories to 8 possible
states, where we use hospitalization, sickness and disability benefits. For the individual i,
the possible states at any year t antecedent retirement are thus:
1. No hospitalization and no benefits received in year t;
2. No hospitalization, but individual i received sick benefits in year t;
3. No hospitalization, but individual i received invalidity benefits in year t;
4. No hospitalization, but individual i received both sick benefit and invalidity benefits
in year t;
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5. Individual i spent 1 day in hospital during year t;
6. Individual i spent 2 days in hospital during year t;
7. Individual i spent 3 days in hospital during year t;
8. Individual i spent more than 3 days in hospital during year t.
4 Methodological approach
4.1 Framework
A widely used approach to causal reasoning is the potential outcome framework, origi-
nally due to Neyman (1934), (see also Rubin, 1990), and developed for observational studies
by Rubin (1973). Let us define the timing of a life course event as a binary treatment vari-
able T (T =1 if an individual retires at age a and T = 0 if an individual retires at age a∗,
with a∗ > a). Only individuals who have not retired prior to age a are exposed to the risk of
retiring, similarly to what happens in discrete-time event history models. Consider a later
outcome of interest (in our study a measure of health). Two potential outcomes are then
defined for each unit in the study: the outcome under treatment (the individual retires at
age a), Y (0), and the outcome under no treatment (the individual does not retire before or
at age a), Y (1). The difference Y (1) − Y (0) can be interpreted as the causal effect of the
treatment T at the unit level. This effect is not identified since for each unit either Y (0) or
Y (1) are unobserved. It is however well known that, under certain conditions, population-
level parameters may be identified. In this paper, we focus on the average causal effect of
early retirement for those actually retiring early, i.e. τ = E(Y (1) − Y (0) | T = 1), for a
given value a < 65, since 65 is the typical retirement age in Sweden. This parameter known
as the average treatment effect on the treated gives a counterfactual answer on what would
have been the average health of those retiring at age a, would they have retired later.
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The parameter τ is identified under the following conditions. First no interference are
allowed, that is the potential outcomes of any unit in the study are not affected by the
retirement decision of other units. This condition, called the Stable Unit Value Assump-
tion (e.g. Rubin (1991)) seems reasonable in our case, at least for individuals who are not
partnered. We therefore conduct separate analysis for women and men. Also for identifica-
tion purposes, we need to have access to a set of background information X, which is not
affected by the treatment T , and such that (Y (0), Y (1), T,X) has a joint distribution for
which Y (0), Y (1) ⊥ T | X and 0 < Pr(T = 0 | X) < 1, where “A ⊥ B | C ” stands for “A
is independent of B given C ”. This condition is called strong ignorability of the treatment,
and it requires that all background information X affecting both Y (0) and T is observed.
Under these two assumptions, we can design a study to estimate the causal effect of the
timing of retirement by conditioning on the necessary background information X in order
to obtain an estimator of the causal effect τ .
The strong ignorability assumption is a strong condition and conclusion of observational
studies must be interpreted with care. On the one hand, life course studies often have the
opportunity to access rich background information. In our case this include socio-economic
and health registers, and course trajectories. The strong ignorability assumption therefore
becomes realistic. On the other hand, conditioning for a large and complex information set
needs careful design (de Luna et al., 2011).
We make use of a balancing score b(X), a function of the information set X such that
T ⊥ X | b(X). A cornerstone result in causal inference (Rosenbaum and Rubin, 1983) is
that if strong ignorability holds then Y (0), Y (1) ⊥ T | b(X). This is useful when b(X) is of
lower dimension than X, since one may design the analysis by conditioning on the balancing
score instead of the original setX. In this respect, balancing scores play an important role in
the design of observational studies. Indeed, Rosenbaum and Rubin showed that there exists
a one-dimensional balancing score, the scalar e(X) = Pr(T = 1 | X) called the propensity
score. The latter is typically unknown, although in applications it may be modelled and
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fitted to the data as exemplified below.
4.2 Matching design
Assume that we have a random sample of N units indexed by i, of which N1 units,
i = 1, . . . , N1, are treated (have retired early at age a) and N0 units, i = N1+1, . . . , N1+N0,
are controls (have not yet retired at age a), i.e. N = N0 + N1. We observe Xi, Ti and the
outcome Yi = TiYi(1) + (1− Ti)Yi(0) for all units.
Given a balancing score b(Xi), a study targeting τ may be designed by matching treated
with controls having same value for b(Xi), i.e. for each treated unit i = 1, . . . , N1, picking
(herein with replacement) a control unit j such that b(Xj) = b(Xi). Denote by j(i) the
index j of the control unit thus chosen as a match for the treated unit i. When such exact
matching is not possible, for instance if the balancing score is continuous valued, then a
distance measureDb in b(Xi) is used to select the closest match (nearest neighbour matching,
(Abadie and Imbens, 2006)) instead of an exact match. Let τˆ = 1/N1
∑N1
i=1(Yi−Yj(i)), then
under the strong ignorability assumption τˆ is a consistent estimator of τ . Inference can be
performed using the asymptotic normal approximation together with the standard error of
the mean τˆ (Rubin, 1991).
We propose and implement three different matching designs, two of which uses the health
trajectories defined earlier.
4.2.1 Balancing health trajectories through Optimal Matching
Let Si = {Si1, Si2, . . . , SiL} be the health trajectory of length L for individual i, where
here Sij, j = 1, . . . , L, take one of the height state values defined in Section 3.2. The
first design we propose is obtained by matching on health trajectories Si using sequence
analysis, a family of algorithms used to quantify distances between categorical time series.
In particular, Optimal Matching (OM) is a commonly used family of dissimilarity measures
derived from the measure originally proposed in the field of information theory and computer
14
science by Vladimir Levenshtein (Levenshtein, 1965) and later adapted to the social sciences
(Abbott, 1995; Lesnard, 2006; Kruskal, 1983). Basically, OM expresses distances between
sequences in terms of the minimal amount of effort, measured in terms of edit operations,
that are required to change two sequences so that they become identical. A set that is
composed of three basic operations on sequences is used: Ω = {ι, δ, σ}, where ι denotes
insertion (one state is inserted into the sequence), δ denotes deletion (one state is deleted
from the sequence) and σ denotes substitution (one state is replaced by another state into
the sequence). To each of these elementary operations ωk ∈ Ω, a specific cost can be assigned
using a cost function c(ω) : Ω→ R+. If K operations must be performed to transform one
observed sequence s1 into another s2 such that
s2 = ω1 ◦ ω2 ◦ · · · ◦ ωK(s1) = ω.(s1),
then the transformation cost is defined as
∑K
j=1 c(ωj). The distance between two sequences
can thus be defined as the minimum cost of transforming one sequence into the other one:
Ds(s1, s2) = min
ω.
{
K∑
j=1
c(ωj) s.t. s2 = ω.(s1)}.
Sequence analysis and OM are often used in conjunction with cluster analysis to identify
patterns in the data and highlight typical life course trajectories (Barban, 2013; Barban
and Billari, 2012; Abbott and Tsay, 2000; Aisenbrey and Fasang, 2010b). In this paper,
we propose to use the OM distance measure to match treated individuals with controls
as described above. Substitution costs are set to be inversely proportional to transition
frequencies between two states (Piccarreta and Billari, 2007). More specifically, we propose
to match individuals that have the most similar health trajectories before retirement. To
our knowledge, this is the first attempt to use the rich information obtained from sequence
analysis for the design of an observational study.
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4.2.2 Propensity score matching
Propensity score matching is a commonly used design in observational studies due to
its balancing property. Departing from a covariate vector Wi, the propensity score e(Wi)
is typically parametrized using a linear logistic regression model e(Wi; γ) = exp(γ
′Wi)
1+exp(γ′Wi)
;
see Waernbaum (2010) for robustness properties of such an approach. Using maximum
likelihood yields fitted values e(Wi; γˆ) for all units, which are then used to match treated
to controls, using the Euclidean distance in e(Wi; γˆ), denoted De.
We base our propensity score matching on the following variables, measured before year
t corresponding to the year of retirement for the treatment group:
1. Education at time t− 1 [three categories: low, medium, high];
2. Cumulative income from time t− 5 to t− 1;
3. Marital status at time t− 1;
4. Partner’s retirement status at time t− 1;
5. Unemployment status at time t− 5, . . . t− 1;
6. hospitalization at time t− 5, . . . t− 1 [number of days during a year].
4.2.3 Combining optimal matching and propensity score matching
We finally consider a third design where matching is done using a combination of the two
approaches. With this design, we aim at balancing the pre-treatment information set Xi =
(Si,Wi). These information sets are very different in nature and we have therefore used
above different distance measures, Ds and De, to balance separately Si and Wi respectively.
Here we aim at proposing a design balancing both information sets simultaneously, and
we need thus to define a new distance measure combining Ds and De. We propose the
following combined distance, making sure to standardise the combined distances to avoid
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one dominating the other. Thus, the distance between two values of Xi, x1 and x2,
Dc(x1,x2) = 1
maxk,lDe(wk,wl)De(w1,w2)
+
1
maxk,lDs(sk, sl)Ds(s1, s2),
is used in order to match treated with controls. To avoid issues related to the introduction
of specific changes on pension regulation, we match exactly on birth year. Similarly, given
the large sample size, we are able to match exactly on educational level. That is, we are
able to match individuals that are born in the same year and have the same educational
level at the time of retirement.
4.2.4 Covariate balancing under matching procedures
Table 3 and figure 3, show the balancing of covariates before treatment (Imai et al., 2008;
Stuart, 2010). For space limitations, we report the results only for one specific treatment
(Men, age at retirement 61). Other descriptive results of covariate balance are available
in the online supplementary material. Results show that all the three matching strategies
are able to improve on the balancing of hospitalization trajectories before retirement, since
the trend of hospitalization before retirement of the matched controls follows the one of the
treated (figure 3). Finally, in table 3, we display the balancing properties of the variables
used in the propensity score estimation. We see that balancing properties varies with the
different matching strategies.
FIGURE 3 HERE
TABLE 3 HERE
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5 Results
We analyze two types of health outcomes. First, the average number of days in hospital
for the first 5 years after retirement, as a continuous measure. Second, we examine mortality,
conditional on survival to retirement age. We model mortality using a semi-parametric
proportional hazard model (Cox regression model), estimating the relative risk ratio for
those who retire at age a, compared to those who retire at age a∗ > a. The combination
of a morbidity and a mortality measure allows us to assess the effect of retirement age in
a comprehensive way since morbidity is censored by death (Blossfeld and Rohwer, 2002).
Furthermore, we examine the possible heterogeneity of treatment effects by focusing on
mortality only. The matching procedure is based on OM distances calculated using the
R package TraMineR (Gabadinho et al., 2011), while Cox regression models are estimated
using the R package survival (Therneau, 2015).
5.1 Age at retirement and subsequent hospitalization
We compare the hospitalization of retirees at age a = 60, . . . , 64 and their respective
matched controls, as defined in the previous sections. Table 4 and 5 report the average
difference in number of days of hospitalization between retirees and matched controls (τˆ),
one to five years after retirement. For space limitation, we report only the comparison with
the combined matched controls. Results based on other matching strategies are available
upon request.
TABLES 4 AND 5 HERE
Results indicate that the differences in hospitalization are limited to the first years after
retirement and to retirement at early ages. The more the age at retirement approaches age
65, the weaker are the differences in hospitalization. In contrast with descriptive results,
retirees are expected to spend at least the same amount of days in hospital as their com-
parison group. Differences are salient in the first years after retirement and are attenuated
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with the increase of retirement age. These results indicate a weak, if any, causal effect of
retirement age on subsequent health once selection into the timing of retirement is taken
into account.
5.2 Age at retirement and subsequent mortality
Figure 6 and 7 show the nonparametric estimates of the survival curves for the two
groups. Retirees have higher risk of death after retirement, compared to their control
group. With the exception of men who retire at age 64, the survival curves of all other
treatment groups differ significantly from their matched controls.1 To give an example of
the magnitude in differential mortality rates, we calculate the difference of probability to
survive until age 70, conditional on age at retirement. Both men and women who retire
at 60 have a 2% lower survival probability to age 70 compared to those who retire later.
Mortality differentials decrease with retirement age. Men who retire at 64 have the same
survival probability to age 70 than their matched control group. Women who retire at age
64 have 0.6% lower survival probability to age 70, compared to their suitable control group.
To summarize the differential survival of retirees and their matched control group, we
calculated the relative risk ratios (RRR) of death by age at retirement. RRR are calculated
using a proportional hazard model (Cox regression), in which we compare the risk of death
of retirees at age a with their suitable matched controls. The hazard model is
λ(t|Ti) = λ0(t) exp(βTi), (1)
for any given time t > a and Ti is as earlier the indicator of treatment (retirement at age a).
Under the assumption of proportional hazards, we estimate exp(β) as a measure of relative
risk ratio. This measure takes into account right censoring and provides an estimate of the
differential mortality of the different groups. Figure 6 shows the relative risk ratios. RRR
1Based on log-rank tests, results available upon request.
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higher than 1 implies higher risk of mortality of retirees compared to the control group. Our
results indicate that early retirement is associated with higher mortality. This effect declines
with age at retirement and becomes negligible with retirement at age 64. We observe high
selection effect only on very early retirement (age 60). Our estimates indicate that, once we
include selection in the estimation model, RRR decrease substantially.
FIGURES 4,5 AND 6 HERE
5.3 Heterogeneous effects
Although in the previous sections we show that our matching strategies can achieve
a good balancing both on health trajectories and on characteristics at the moment of re-
tirement, this does not exclude that retirement timing may have effects that differ between
individuals. For instance, characteristics such as occupation, or physical fatigue experienced
during their work career may modify the effect of retirement timing on subsequent health.
One could hypothesize that individuals who are more subject to physical work may enjoy
positive effects from early retirement. On the other hand, individuals who retire early are
more subject to forgone earnings and their future pension will be lower. Thus, we analyze if
there exists strata-specific effects. More specifically, we estimate the effect differentially for
pre-retirement income. We divide the sample in five quintile classes based on the average
income in the 5 years prior to retirement, and fit for each class the hazard model (1).
Figure 7 shows that the effect of retirement on the probability of dying is not constant
across income quintiles. Individuals with lower pre-retirement income suffer the most from
early retirement, while individuals with higher pre-retirement income are not negatively
affected. Although these results are not meant to be exhaustive in describing which factors
modify the effect of retirement, we show that there exists an heterogenous health effect of
retirement timing. As a consequence, we can expect that the relative change in pension
income is less relevant for richer individuals.
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FIGURE 7 HERE
6 Discussion
We propose a new matching approach to investigate the causal effect of the timing of
life course events on subsequent outcomes. Our approach combines the literature on the
analysis of life course trajectories with the literature on causal inference. We apply our
method to the study of age at retirement in Sweden. Early retirees tend to experience
worst pre-retirement health trajectories (hospitalization patterns and trends) with respect
to those who retire later. This is particularly relevant in the case of early retirement (before
age 65), since the largest differential in health outcomes is observed among individual who
anticipate their retirement. To account for selection, we develop a new matching approach
that combines information on health trajectories with socio-demographic characteristics
fixed in time. We develop this technique as an extension of the nearest neighbour matching
estimator adopting the optimal matching metric commonly used in sequence analysis. We
then compare the covariate balance under three different matching strategies: matching
only on health trajectories, matching on propensity score based time invariant covariates, a
combined matching approach. All matching strategies produce a good balance of covariates
and give consistent results.
Our analysis shows that both time-variant (health trajectories before retirement) and
time-invariant (socio-demographic characteristics) confounders need to be taken into ac-
count. Although retirees seems to have a faster decline in health after retirement, this effect
is masked by different trajectories in health before retirement. Our analysis shows that the
health trajectory itself is a source of confounder, since the decision on when to retire is often
linked to the antecedent health history. People who experience health shocks are more likely
to anticipate retirement. Once these selection issues are taken into account, the negative
effect of retirement on hospitalization is reduced substantially. For what concern survival,
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our analysis shows that early retirement has a negative effect, even after controlling for
selection. Early retirement is associated with higher mortality. Men and women who retire
at age 60 have a 2 percent decrease in survival probability at age 70 compared to those who
retire later. This difference attenuates with increased retirement age. As other matching
methods, our approach also allows for heterogeneous treatment effect. We show that the
effects of early retirement are highly heterogeneous on pre-retirement income. Individual
with low pre-retirement income suffer the most from early retirement, while individuals
from higher pre-retirement income tend to benefit from retirement. This may suggest that
individuals in higher socio-economic position are affected less by the relative change in in-
come due to retirement. Our analysis is limited in its scope. We restrict our analysis to
hospitalization and mortality and we do not distinguish the effect on different pathologies
or cause of death. Moreover, using register data, we could not distinguish between different
pre-retirement occupations.
Similarly to other matching techniques, the approach we propose is based only on observ-
able confounders and does not take into account the effect of unobservable characteristics.
For instance, unobservable shocks experienced before retirement associated both with the
decision of retirement and subsequent health trajectory may bias our estimates. Neverthe-
less, the novelty of our approach is to provide a framework that combines information on
pre-treatment trajectories, widely used in the literature of life course analysis, with other
techniques used in the literature of causal inference, such as propensity score matching.
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Table 1: Age at retirement by gender
Retirement age Men (n) (Cumulative %) Women (n) (Cumulative %)
before 60 57,725 10.42 42,162 7.71
60 16,075 13.33 11,389 9.79
61 28,457 18.47 21,043 13.64
62 21,607 22.37 19,453 17.19
63 21,815 26.31 21,402 21.11
64 21,253 30.14 27,665 26.16
65 98,975 48.02 115,290 47.24
Table 2: Distribution of the age at retirement by birth cohort (%) and total sample sizes
(n)
Birth year before 60 60 61 62 63 64 65 n
1935 9.77 3.80 6.22 5.15 6.59 9.36 40.99 71,418
1936 10.03 4.09 6.49 5.16 5.83 9.21 39.21 74,353
1937 10.33 3.96 6.67 4.35 6.25 9.46 37.57 75,726
1938 10.92 3.03 5.85 6.11 5.15 6.14 39.94 79,242
1939 10.80 2.58 6.48 3.87 4.98 8.88 37.97 82,234
1940 10.12 2.19 3.85 4.19 7.02 5.69 40.21 81,303
1941 10.04 2.35 3.86 5.30 5.38 6.26 37.46 84,927
1942 9.35 2.27 4.39 4.67 5.39 6.23 - 98,213
1943 8.76 2.21 4.35 4.27 5.30 - - 107,386
1944 8.16 1.96 4.26 4.48 - - - 115,002
1945 7.18 1.64 4.23 - - - - 116,045
1946 6.12 1.44 - - - - - 114,930
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Table 4: Average difference in hospitalization after retirement. Combined matching. Men
retirement at retirement at retirement at retirement at retirement at
age 60 age 61 age 62 age 63 age 64
τˆ p-value τˆ p-value τˆ p-value τˆ p-value τˆ p-value
t+ 1 0.10 0.09 0.20 0.00∗∗ 0.08 0.13 -0.01 0.45 -0.05 0.21
t+ 2 0.30 0.00∗∗ 0.02 0.39 0.14 0.02∗ -0.03 0.35 0.00 0.49
t+ 3 0.24 0.01∗∗ 0.06 0.15 0.10 0.10 0.03 0.32 -0.10 0.12
t+ 4 0.04 0.37 -0.01 0.45 -0.15 0.03∗ 0.06 0.26 0.07 0.23
t+ 5 -0.11 0.14 0.08 0.13 -0.02 0.42 0.02 0.42 -0.06 0.29
Table 5: Average difference in hospitalization after retirement. Combined matching. Women
retirement at retirement at retirement at retirement at retirement at
age 60 age 61 age 62 age 63 age 64
τˆ p-value τˆ p-value τˆ p-value τˆ p-value τˆ p-value
t+ 1 0.07 0.20 0.18 0.00∗∗∗ 0.10 0.04∗ 0.11 0.02∗ -0.08 0.06
t+ 2 0.31 0.00∗∗∗ 0.09 0.06 0.07 0.15 0.08 0.07 -0.01 0.45
t+ 3 0.20 0.02∗ 0.04 0.28 -0.11 0.07 0.14 0.02∗ 0.05 0.19
t+ 4 -0.01 0.45 0.08 0.10 -0.14 0.04∗ 0.01 0.45 0.08 0.09
t+ 5 0.01 0.48 0.05 0.27 0.16 0.03∗ 0.04 0.29 0.01 0.43
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